Near-infrared reflectance spectroscopy (NIRS) is frequently used for the assessment of key nutrients of forage or crops but remains underused in ecological and physiological studies, especially to quantify non-structural carbohydrates. The aim of this study was to develop calibration models to assess the content in soluble sugars (fructose, glucose, sucrose) and starch in foliar material of Eucalyptus globulus. A partial least squares (PLS) regression was used on the sample spectral data and was compared to the contents measured using standard wet chemistry methods. The calibration models were validated using a completely independent set of samples. We used key indicators such as the ratio of prediction to deviation (RPD) and the range error ratio to give an assessment of the performance of the calibration models. Accurate calibration models were obtained for fructose and sucrose content (R 2 > 0.85, root mean square error of prediction (RMSEP) of 0.95%-1.26% in the validation models), followed by sucrose and total soluble sugar content (R 2~0 .70 and RMSEP > 2.3%). In comparison to the others, calibration of the starch model performed very poorly with RPD = 1.70. This study establishes the ability of the NIRS calibration model to infer soluble sugar content in foliar samples of E. globulus in a rapid and cost-effective way. We suggest a complete redevelopment of the starch analysis using more specific quantification such as an HPLC-based technique to reach higher performance in the starch model. Overall, NIRS could serve as a high-throughput phenotyping tool to study plant response to stress factors.
Introduction
Non-structural carbohydrates (NSC) include soluble sugars (SS), mainly simple sugars: glucose, fructose and sucrose, as well as starch, are important at times of high stress by providing the necessary cellular fuel to sustain growth under such conditions. The increasing focus on the evaluation of NSC as an indicator of plant response and survival under stress has resulted in an increased desire to quantify them in trees (McDowell et al. 2008 , Sala et al. 2012 , Adams et al. 2013 , Duan et al. 2013 , Hartmann et al. 2013 , O'Brien et al. 2014 , perennial grasses (Oosthuizen and Snyman 2001, Boschma et al. 2003) and crops (Kerepesi and Galiba 2000, Tahir and Nakata 2005) . Non-structural carbohydrates are normally quantified using conventional wet chemical methods, enzymatic techniques and chromatographic procedures. Several wellstandardized methods of extraction and quantification are welldocumented (Gomez et al. 2003 , Quentin et al. 2015 . These destructive methods require some degree of sample reduction (i.e. grinding) and the separate extractions of SS and starch. A recent comparative study showed high variability in the estimates of soluble sugar, starch and total NSC from different methods and/or laboratories (Quentin et al. 2015) . That article questioned the comparability of those estimates, which could be contributing to the lack of understanding in the variation of NSC allocation to reserves across species and ecosystems, and their regulation in response to environmental changes (Dietze et al. 2014) . Moreover, these methods are costly, timeconsuming and laborious (Batten et al. 1993) , and limit our ability to broaden our investigations in plant growth and productivity. Finally, quantifying a large number of samples for NSC still remains unworkable; hence, there is an urgent requirement for the development and the use of rapid detection methods (Batten 1998a) .
Mounting interest in new rapid and non-invasive techniques based on spectroscopy is aimed at facilitating screening for phenotyping traits for higher growth performance and yield (Cabrera-Bosquet et al. 2012, Araus and Cairns 2014) . Owing to the low cost, rapidity, high precision and repeatability, nearinfrared spectroscopy (NIRS) might offer a potential alternative to wet chemical methods for determining plant biochemistry (McLellan et al. 1991 , Foley et al. 1998 . Near-infrared spectroscopy is routinely utilized for the analyses of nitrogen, moisture, fibre, structural carbohydrates, amino acids and minerals for forage quality (Cozzolino et al. 2001 , Fontaine et al. 2001 , Andrés et al. 2005 ) and plant breeding programmes (Font et al. 2006 , Campo et al. 2013 , Dreccer et al. 2014 , Meng et al. 2015 . However, its application in wood and paper science is mainly focused on determining wood property and chemistry (Baillères et al. 2002 , Petisco et al. 2005 , Schimleck et al. 2006 , Lepoittevin et al. 2011 , Schwanninger et al. 2011a , 2011b , da Silva et al. 2013 , Downes et al. 2014 , Tsuchikawa and Kobori 2015 ; NSC is scarcely considered, especially in leaves (Ramirez et al. 2015) . Ramirez et al. (2015) demonstrated the capacity to generate general calibration models to estimate NSC content across woody plant species and organs using NIRS. However, models of foliar NSC content showed the poorest accuracy.
Eucalyptus globulus Labill. ssp. is one of the most widely used tree species for the production of pulp for paper in plantations around the world, owing to its growth and wood properties (Raymond and Apiolaza 2004) . E. globulus is grown over a wide range of habitats and climates (Eldridge et al. 1993) , from the cool temperate climate of Southern Australia to the Mediterranean climate of Spain and Portugal, and the tropical monsoon area of Southern China and Ethiopian Highlands. Previous research in forest ecosystems has indicated that NSC may be important in describing and modelling productivity and predicting plant response to stresses Coops 1999, Landsberg et al. 2003) . In recent years, the role of NSC in responses of eucalypts to biotic and abiotic stresses has received wide attention (Turnbull et al. 2007 , Merchant et al. 2006 , Barry et al. 2011 , Quentin et al. 2010 , Duan et al. 2013 , Eyles et al. 2009 , 2013a , Mitchell et al. 2013 . Knowledge of the level and nature of NSC in the different plant organs can become a powerful predictor of the balance between the supply and demand for photosynthates at different stages of plant development or under adverse conditions, and of their availability. However, we still know little about the amount of carbohydrates allocated to reserves, and whether their allocation is passively or actively controlled, or in which part of the plant reserves are stored (Sala et al. 2012 , Dietze et al. 2014 . Undertaking this type of study remains extremely challenging in the field, especially with large trees, as large numbers of individuals and many replicates are required; although studies have focused on very young seedlings (Quentin et al. 2010 , Mitchell et al. 2013 ), these may not reflect processes in large mature trees. In this study, our objective was to evaluate and develop NIRS calibrations for estimating SS and starch content in foliar samples of E. globulus. While NSC concentrations in leaves do usually respond rapidly to different biotic and abiotic conditions, pools of carbon storage in woody tissues are steadier diurnally and seasonally; hence, they should be favoured for the appraisal of the whole-tree carbon status. However, reliable sampling of woody tissue as well as proper handling and preparation remain challenging, whereas foliar samples are more commonly used and provided more stable material to work with (see Supporting Information, Quentin et al. 2015) . Several studies have reported that foliar NSCs are highly correlated with total carbon pool (e.g. Hoch et al. 2002 , Hoch and Körner 2003 , Körner 2003 , suggesting that they can be used as a reliable surrogate for assessing whole-plant NSC reserves (O'Brien et al. 2014) . We hypothesized that NIRS is a reliable alternative to accurately estimate NSC in foliar samples.
Materials and methods

Site, plant material and experimental design
The experiment was conducted in Hobart (Australia) (42°55,0′S/ 147°20,0′E) over a period of 8 months between September 2012 and April 2013. The site receives~500 mm annual average rainfall, and the annual pan evaporation is in excess of 1300 mm (Australian Bureau of Meteorology, www.bom.gov. au). Mean daily maximum/minimum temperatures are 22.5/ 12.5°C and 12.0/4.0°C in summer and winter, respectively (www.bom.gov.au).
In June 2012, twenty-four 1-year-old E. globulus were selected. Trees were planted in 75 l plastic bags containing lowphosphorus native potting mix and placed in the shade house until well established. Early in August 2012, saplings were placed outside in an area of 25 m 2 , in a completely randomized order to account for small variations in conditions across the site. Saplings were fertilized every 2 weeks with 2 ml of Marrawah Gold ® , and every 2 months with 13.95 g of solid slow release fertilizer (16-1.3-9% of N-P-K and also K-Mg-S-Fe-CuMn-Mo-Bo-Zn). An automatic irrigation system provided daily
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irrigation. This study was part of a wider experiment, and in November 2012, 12 out of the 24 trees were harvested. The final 12 trees were harvested in April 2013. Over the entire period of the experiment, from September 2012 to April 2013, a total of 566 samples were collected for NSC determination. Samples were placed into paper bags and freeze-dried at −80°C for 24 hours using an LY-5-FM (Breda Scientific, Netherlands). Dried samples were then ground into fine powder using a cyclo mill (18 mesh, 1 mm; Foss Cyclotec 1093, Denmark) alone for the samples collected in spring (from September to November) and in association with a micro ball mill 'Lab Wizz' 320 (Laarmann Group B.V., AV Roermond, Netherlands) at 30 Hz for 45 seconds (270 mesh, 53 µm) for the samples collected in summer/early autumn (from December to April) to increase the sample fineness and improve extractions. Approximately 50 mg of powdered sample was weighed into 10 ml plastic test tubes for carbohydrate extraction, and the remainder was placed into a 7 ml clear glass injection vial F20 (Schott, Indonesia) for NIRS analysis.
Analytical methods
Soluble sugars were extracted from 50 mg of dried powdered samples. Every 15th sample was done in triplicate to assure the quality control of the laboratory method. For every sample, 3 ml of 80% (v/v) ethanol was added. The samples were vortexed and incubated for 1 hour in a 60°C water bath. The samples were then centrifuged at 4000 g for 10 minutes at 8°C. The supernatant liquid was kept in a separate tube, and the pellets were extracted twice more. The supernatants were combined and frozen until analysis. The supernatant was then filtered through a 0.45 µm filter, and 50 µL of trehalose was added as an internal standard to give a final content of 200 ppm. After evaporation of the ethanol in a boiling water bath, the samples were filtered through a Waters SepPak Accell plus CM Cartridge into a 1.5 ml Eppendorf centrifuge tube. The tubes were centrifuged, and each sample was then filtered through a 0.45-µm filter and 0.2-µm filter in tandem into a 2-ml HPLC vial. The vials were frozen until analysis for soluble fructose, glucose and sucrose using UPLC-MS (Method S1 in the supplementary material of Eyles et al. 2013b) . Standard curves were created using values of 10, 100, 250, 500, 750 and 1000 ppm for glucose, fructose and sucrose. R 2 values typically ranged from 0.9991 to 0.9999. All the standards were reinjected after every 45 samples, and the 500 ppm standard was repeated after every eighth sample as a quality control. The relative standard deviations (SDs) of the quality control samples (typically n = 8) ranged from 3% to 5% for all the target sugars. Estimation of SS was performed on 432 samples, which correspond to the leaf material sampled from September till November 2012. Estimation of starch was performed on the pellets remaining after the sugar extraction. Prior to the starch extraction procedure, samples were treated with 0.1 M NaOH in a water bath at 100°C for 60 minutes. Starch was hydrolysed into glucose overnight at 52°C using 0.5% amyloglucosidase from Aspergillus niger (Fluka-10115; BioChemika, Switzerland). The contents of starch were analysed using the Dubois et al. (1956) method as modified by Buysse and Merckx (1993) , using a phenol/sulphuric acid colorimetric assay. Absorbance was read at 490 nm on a spectrophotometer (UV-VIS). A glucose solution was used for the standard. Starch content (glucose units) was calculated as described in Palacio et al. (2007) . Starch estimation was also determined on 432 samples. Total non-structural carbohydrate (TNC) was the sum of SS and starch. All the results were expressed in percentage of dry matter (%DM).
Near-infrared measurements
Each ground sample was placed into a 7 ml vial for NIRS analysis. Spectral data were obtained for each sample using a Bruker MPA Fourier Transform NIR spectrometer (Bruker, Germany), using a spectral range between 12,500 and 3600 cm −1 with a spectral resolution of 8 cm −1 in the diffuse reflectance mode with an integrating sphere. Sixty-four scans were used for both sample and background spectra that were measured using a standard Bruker gold reference that was then used for a subsequent maximum of 30 samples. All NIRS spectral data were imported in Unscrambler ® X software (CAMO software version 10.1). Principal component analysis was performed to detect potential spectral outliers (Shetty et al. 2012) , defined as those data points having a Mahalanobis distance (i.e. data point to centroid) greater than three (Shenk et al. 1989) , of which there were none for each NSC (fructose, glucose, sucrose, total SS and starch). Furthermore, histograms of each NSC were used to detect outliers if they were deemed to be too high for the general spread of data of the calibration range. The data matrix requires a good spread and coverage of the different y-values, and the data were constrained to exclude a few samples with high y-values that were outside the normal data distribution.
Data analysis
To develop predictive equations, laboratory reference values were calibrated against NIRS spectra using partial least squares (PLS) for each NSC. We used the NIPALS algorithm (Non-linear Iterative PLS) for the determination of loadings and scores. The scores and loadings were calculated pair-by-pair by an iterative procedure. Prior to applying the PLS procedure, the data set was randomly divided into two groups that would be used for either the calibration model (between 304 and 317 samples) or the external validation model (between 114 and 150 samples) to assess the calibration equation as a prediction model (Meuret et al. 1993) . We chose the external validation approach over the cross-validation procedure as we have a sufficient number of samples allowing the splitting of the whole set of samples into calibration and validation sets, and it gives a true independent
Tree Physiology Online at http://www.treephys.oxfordjournals.org validation (Niemöller and Behmer 2008) . We used Unscrambler ® to randomly select samples to form the calibration set for each NSC. A series of spectral pretreatments (first and second derivatives) in combination with several normalization techniques such as standard normal variate (SNV), multiplicative scatter correction (MSC) and unit vector normalization. Each technique was assessed by their corresponding RMSEP value, and MSC spectral preprocessing gave the lowest value. Root mean square error of prediction gives an average of the uncertainty that can be expected for the predicted values. Additional first derivatization of the spectral data using Savitzky-Golay further optimized the RMSEP value and reduced the number of factors for each sugar parameter (Savitzky and Golay 1964) . The derivatization was also optimized by trying different numbers of spectral smoothing points. For each NSC, the best calibration equation was selected based on minimizing estimates of the standard error of calibration (SEC) and the root mean square error of calibration (RMSEC) (Shenk et al. 2001) . These terms measure the accuracy of the relationship between the NIR spectral values and the laboratory reference values in the regression equations. Furthermore, the bias, the coefficient of determination (R 2 ) and the slope of the regression equation between the NIRS predicted values and the measured laboratory reference values are also important factors in model selection, whereby a value close to 1 for both the R 2 and slope will indicate a high-quality calibration. The coefficient of determination (R 2 ) indicates the percentage of variance present in the chemical values, which was reproduced in the prediction. The RMSEP, and the relationship between NIRS predicted and the laboratory values were used to validate the prediction capabilities. This was only performed on the constituents that produced acceptable prediction models during cross-validation (R 2 > 0.70 as recommended by Kaneko and Lawler 2006) . A reliable PLS model should have a high value of R 2 and RPD and a low value of RMSEP (Bala and Singh 2013) . The ratio of the SD of laboratory reference values to the RMSEC or the RMSEP, called the ratio of prediction to deviation (RPD) was calculated, which gives an assessment of the prediction accuracy compared to the measured laboratory reference values (Saeys et al. 2005) . Ratio of prediction to deviation values below 2.0 indicate that the calibration is not usable. Ratio of prediction to deviation values between 2.0 and 2.5 make approximate quantitative predictions possible. For RPD values above 2.5, the prediction is classified as good. Additionally, the range error ratio (RER), calculated as the ratio between the range and the RMSEC or the RMSEP of the NSC, was used to assess the practical utility of the prediction models.
In particular, models with RER values <3 have no practical utility, RER values between 3 and 10 indicate limited practical utility and RER values >10 indicate high utility of the model (Williams 1987) .
Results Figure 1 illustrates the results of the chemical analysis for sugars, total SS starch and TNCs. The content of carbohydrates expressed in %DM in the data set ranged between 3.06 and 65.75 %DM in SS (the sum of glucose, fructose and sucrose), 0.53 and 19.25 %DM in starch and 5.00 and 72.70% in TNC. Sucrose and fructose were the major soluble sugar found in the foliage of E. globulus, but starch was also highly detectable (Figure 1) . The greatest variability was observed for sucrose content (±6.13 %DM), whereas glucose had the lowest (±2.25 %DM). Table 1 shows the range between maximum and minimum values, mean and SD for the value traits of the calibration and the validation sets analysed by reference methods. Chemical variation found in the reference analyses of the SS, starch and TNC content could be considered acceptable and wide enough for the development of the aimed calibration equations. The ranges of variation on the validation set were within the range of variation of the calibration set for all evaluated parameters.
Features of NIRS spectra and mathematical treatment
The raw spectral data exhibit the usual spectral features that one expects from freeze-dried plant material, carbohydrate peaks at: 2500 cm −1 (CH and CC combinatorial peaks), 4260 cm −1 (CH and CH combinatorial peaks) and 4330 cm −1 (CH and CH combinatorial peaks). We also found other peaks for protein (amide) Tree Physiology Volume 37, 2017
at 4680 cm −1 (NH combinatorial peaks) and 5190 cm −1 (CO 2nd overtone). Broad spectral features around 4800-4900 cm −1 also point to OH combinatorial peaks.
A wide range of possible combinations of spectral pretreatments were tried to find optimal combinations that will result in the lowest RMSEP values for the corresponding PLS regressions. With the exception of TNC, MSC improved the linearity of the relation between the reference and spectral values for SS and starch (Table 2) . MSC is an acceptable transformation method as it also normalizes path length variations, offset shifts and other interferences. In contrast to the other sugars, an SNV improved the linearity of the relation between the reference and spectral values for TNC using 22 factors (Table 2) . SS and starch content were estimated using the first derivative transformation of the log 10 (1/R) spectra data. Figure 2 shows the absorbance spectra of 566 E. globulus foliar samples following MSC and first derivative treatments. The wave number range of 4250-5300 cm −1 was applied to develop the calibration models. The regression coefficients for each factor of the individual PLS regression models of the different sugar types reveal the significant spectral regions that describe the variation in sugar levels. The first two factors of the fructose, glucose and sucrose PLS models explain about 50%, 40% and 40% of the y-variance, respectively. For all three models, the first two corresponding regression coefficients are dominated by CH induced absorptions between 4310 and 4430 cm −1
. The first two regression coefficients for sucrose have an additional feature at 4567 cm −1 that is the absence of glucose and sucrose. The largest difference between the regression coefficients of the three sugar regression models is the spectral region between 5180 and 5276 cm −1 , which could describe differences in the R-OH functionality but is also in the spectral region of ester and amide functionality. The significant spectral feature for the PLS-R model of fructose is at 5272-5276 cm −1 , 5268-5265 cm −1 for the glucose PLS-R model and 5180-5200 cm −1 for the sucrose PLS-R model.
NIRS calibrations
Partial least squares regression of NIRS spectra and laboratory values produced good calibration models for fructose, glucose and TNC content in the leaves of E. globulus (Table 1) . These calibration models produced the highest R 2 values (0.89 0.85 and 0.88, respectively), with lower RMSECs (Table 2) , than all other equations analysed. Calibration models of sucrose and total SS were acceptable (R 2~0 .70-0.75). However, the proximity between the reference values and the ones predicted by the model (Bias) of sucrose was wide (Bias = 5.72; Table 2 ) compared to the other SS, which might have impaired this model compared to the others. The RPD and RER indexes suggested a high practical utility of prediction models developed for fructose, glucose, sucrose, total SS and TNC (RPD > 2.5 and RER > 10; Table 2 ). In contrast, no acceptable calibration was produced for starch as indicated by the poor R 2 value (<0.70; Table 2 ), which was confirmed by the large Bias (Bias = −5.04; Table 2 ). The linear relationship between observed laboratory values and values predicted using NIRS within the calibration set for starch was weaker than those produced for the SS (slope = 0.57 for starch compared to slope >0.75 for the SS; Table 2 ). Moreover, RPD and RER confirmed that the starch model developed for E. globulus leaves in this study had no practicable attributes.
Independent validation NIRS
The RMSEPs for the independent validation were lower than the RMSEC estimates for glucose, fructose, starch and TNC, whereas RMSEP of sucrose and total SS were higher than RMSEC estimates. The validation models produced higher R 2 values for sucrose, total SS and TNC (0.75, 0.82 and 0.91, respectively) than the R 2 values in the calibration models (Tables 2 and 3) , making those highly acceptable models. Although R 2 values of the prediction models for fructose and glucose were lower than in the calibration models (Tables 2 and 3) , models were still good models. As happened in the calibration procedure, the external validation accuracy was also low for starch, with low R 2 value of 0.53. The RPD P values in the external validation of fructose and glucose decreased below 2.5 (Table 3) compared to the RPD values in the calibration models (Table 2) , which made the prediction more approximate though RPD P values were close to 2.5. In comparison, RPD P of sucrose and total SS exceeded the value of 2.5 and were higher than in the calibration models. This and the RER P confirm that the developed model can make good predictions (RER P > 10; Table 3 ). Figure 3 shows the relationship between the NIRS predicted values of the external and the reference values in the calibration and external validation set for fructose, glucose, sucrose, total SS and TNC. Except for starch ( Figure 3E and J) , for all individual SS, total SS and TNC, robust and parsimonious calibration models were identified and their predictive power in the external validation was retained (Figure 3 ).
Discussion
The application of NIRS in ecological research relies on the development of robust calibration models for physiological traits of ecological significance. Major ecological hypotheses have outlined the critical role of NSC in plant growth and defence ('carbon/ nutrient hypothesis', Bryant et al. 1983 ; 'carbon limitation hypothesis', Körner 2003; 'growth-differentiation balance hypothesis', Loomis 1932; revisions to the 'hydraulic limitation hypothesis', Ryan et al. 2006) ; but, only a few studies have focused their attention on predicting NSC in plant tissues using NIRS for ecological purposes (Batten et al. 1993 , Katovich et al. 1998 , Decruyenaere et al. 2012 , Ramirez et al. 2015 . Here, we have demonstrated that NIRS can be used to predict SS in leaves of E. globulus with a reasonably high predictive power. In general, the calibrations obtained between reference values and the spectral data for the SS were most encouraging (Williams 2001 (Williams , 2007 . The performance of the calibration models for fructose and glucose in our study (RMSEC from 0.88 to 1.21 %DM, R 2 > 0.85) was of a similar order of magnitude as those obtained in previous studies that estimated carbohydrate content in foliar tissues using NIRS (Chen et al. 2014 , Ramirez et al. 2015 . For example, Chen et al. (2014) reported R 2 = 0.81 and RMSEP = 0.73 %DM in external validation of models for estimating glucose content in sorghum stalks. Although still reasonably acceptable, the predictive power for estimating sucrose and total SS content was lesser with lower values of R 2 obtained in the calibration and validation models (R 2 0.69-076) than the values obtained with the two other sugars, and the RMSEC and RMSEP values predicted by NIRS were also more variable (RMSEC 2.4-3.3 %DM) (Table 3) . Katovich et al. (1998) reported R 2 values between 0.67 and 077 and SEC of 3.7 and 4.6 %DM in the calibration model for estimating sucrose in Lythrum salicaria. Decruyenaere et al. (2012) demonstrated that the model for estimating SS did not perform well when using an independent validation set, as indicated by a low R 2 (0.003) and high standard error of prediction (SEP = 2.7 %DM) and suggested that it was due to the mismatch between the ranges of the validation and the calibration Table 3 . External validation statistics obtained from regression equations of laboratory values of NSC content (mg g −1 ) in E. globulus leaves and NIRS predicted values for the validation set. R 2 P , coefficient of determination of prediction models; RER P , range error ratio for the prediction models; RPD P, ratio of prediction to deviation for the prediction models.
NSC R Tree Physiology Volume 37, 2017 data sets. This study was more rigorous with respect to the application of an independent validation set with similar data ranges between the calibration and validation sets (see Table 2 ). Instead, our samples were randomly assigned to calibration and validation sets, whereas in previous studies (Batten et al. 1993 , Chen et al. 2014 , it was assured by design that the spectral expression of each calibration set represented that of the entire population of spectra. Here, the design of the experiment was not optimal for modelling, while ideally it is described to design NIRS calibration to cover equally the whole range of values. However, to avoid overestimation of the values, we excluded some high values as there were not enough samples for that region. Therefore, our models were only good within the constraints for the calibration though this is also true for any model ever developed (Ramirez et al. 2015) . The addition of samples in this higher region would probably help improve the accuracy of the models. However, on the whole, RPD values obtained in calibration and validation models for estimating each soluble sugar and total SS in this study were higher than~2.5, indicating that these models are very reliable and are useful for ecological research. Commonly, NIRS calibrations which perform at a 'low' R 2 value are dismissed as being too weak to be of any value (Batten 1998b) . Here, the NIRS calibration models for predicting starch content in the leaves of E. globulus were less successful (R 2 = 0.54; RMSEC = 2.21%) than those previously published for other plant species. For example, Decruyenaere et al. (2012) reported R 2 values between 0.97 and 0.98 and RMSE between 1.2 and 1.6% in calibration and cross-validation models for estimating starch in R. obtusifolius roots. Similarly Katovich et al. (1998) found that NIRS accurately predicted starch content in roots and crowns of L. salicaria (R 2 = 0.97-0.98) though predictions were highly variable (SEC = 14.3-15.1 %DM). The poor performance of the starch model (RPD 1.7) in this study may be due to the presence of interfering compounds present in the plant tissue. For example, metabolites such as structural carbohydrates or water may have similar wavebands (Curran 1989) . In addition, structural carbohydrates such as cellulose and hemicelluloses could be broken down by sulphuric acid used in colorimetric assays and could potentially be converted into glucose. In our study, the UPLC method specifically targeted glucose, fructose and sucrose, whereas the colorimetric assay used to estimate starch content was non-specific and may be more prone to interference (see Note 1 in Supporting Information of Quentin et al. 2015) .
Foliage of E. globulus is also known to contain phenolics (Rapley et al. 2008) , which could have interfered with enzymatic extraction of starch (Hendrix and Peelen 1987) . It is important to carefully consider interfering compounds affecting either the standard wet chemistry or the spectral measurements. For example, the use of a purification treatment using charcoal for tissues containing phenolics Tree Physiology Online at http://www.treephys.oxfordjournals.org may help increase the recovery rate of NSC and minimize interference (Hendrix and Peelen 1987) . On the whole, it is also crucial to better consider the choice of the wet chemistry method to establish the NIRS model. Associated with the complexity of the starch molecule, here we suspect that the lack of specificity of the colorimetric assay for estimating the starch content may have impaired the accuracy of the relationship between predicted NIRS values and reference values. Quentin et al. (2015) suggest the use of HPLC methods to estimate sugars and starch content should be routine practice.
Up to now, NIRS-based calibration equations in ecological studies have been restricted. For example, in analysis of NSC in root of R. obtusifolius, equations were developed for plants harvested on a single day (Decruyenaere et al. 2012 ). Yet, ecological studies typically relate to changes across years, across sites, across treatments and among species (e.g. Lawler et al. 2006 , Dreccer et al. 2014 , Ramirez et al. 2015 . In this study, we successfully develop equations that encompassed different seasons and treatments, which suggest that the NIRS method can be a powerful tool for ecologists and a reliable alternative to traditional methods. For example, Ramirez et al. (2015) presented a successful and promising application of an NIRS-based NSC quantification considering a large range of woody species, different tissue types including leaves and from a broad range of environmental conditions. This is of particular interest to provide further insight into important physiological processes involved in stress responses.
Shared data between laboratories would help build more general models; yet each laboratory has its own separate calibrations for the analyses of interest. As ecological studies become more global, there is capacity for greater data sharing and alternative large data sets for validation and calibration procedures. Whether such an approach is feasible depends on the number of contributors with common interests and the cost of maintaining such large data sets. However, a recent study by Quentin et al. (2015) has revealed problems of cross-laboratory analyses, and currently we do not know which technique is the most reliable (Germino 2015) . Our study predated the study by Quentin et al. (2015) ; however, the technique used to extract the SS follows the method prescribed by Quentin et al. (2015) . The main point of difference arose in the starch extraction where we only used a single enzyme instead of the combination of two enzymes as recommended by Quentin et al. (2015) . We did not test different techniques but one could assume that a different technique might produce different regressions. Moreover, we know that a different species, even a eucalypt, might produce different regressions (A. Quentin, unpublished data). Currently, there are limitations to the use of this set of NIRS models as it was built for a specific type of plant material (i.e. foliage), species (i.e. E. globulus) and for only a single year. Here, we are only presenting the preliminary results. For a more universal usage of these models and to overcome the uncertainty around NSC analysis, a much larger data set is required with samples collected over an extended period of time (e.g. over 20 years), from different areas and conditions of experiment, and at different stages of development. Ramirez et al. (2015) demonstrated the practicality of such a general approach for physiological and ecological studies by covering a wide range of species in different biomes.
Overall, NIRS offered enormous flexibility for analysing multiple constituents of plant tissues rapidly in a single operation and with minimal sample preparation (Marten et al. 1984) . Moreover, the success of the NIRS method also results from the significant drop in time taken for and costs associated with the analysis. Here, over 380 hours were required with the standard wet chemistry methods to process 566 samples, while just over 70 hours were necessary in processing the same number of samples with the NIRS method, and we saved up~80% of normal laboratory costs. Finally, NIRS analysis produced no chemical wastes, which should be an important incentive for all ecologists and is also adding to the cost of the reagents and waste disposal.
Rapid determination of foliar NSC will allow for screening and monitoring of the direct products of photosynthesis in tree canopies. This could facilitate larger scale appraisals of tree responses to changes in multiple environmental factors, including climate. Drought survival and temperature tolerance are critically important applications of NSC screening. O'Brien et al. (2014) reported that foliar NSC concentrations emulate NSC in stems and roots, suggesting that leaf NSC can be used as a general indicator for whole-plant NSC. Considering the increasing occurrence and severity of present and forecast drought events, there is more than ever pressure on studies to evaluate foliar and whole-plant NSC concentrations, as crucial indicators of stress resilience and plant survival.
Conclusions
Rapid progress in plant phenotyping appears to be possible by using NIRS (Cabrera-Bosquet et al. 2012 , Cozzolino et al. 2015 . Our findings show that NIRS could be a tool to reliably screen for free sugars in leaves of E. globulus. Further work is required to improve the modelling of starch content by selecting a more precise quantification method. The use of the NIRS technique could be used to monitor the fluxes of NSC in plants and assist physiologists predicting the growth-survival response to stress and selecting genotypes that perform best.
